Abstract: This paper develops a new network data envelopment analysis (DEA) model that simultaneously integrates the non-convex metafrontier and undesirable outputs and which is super efficient at performing dynamic network slacks-based measures. The model is employed to discuss the efficiency of 36 commercial banks in China during the years 2010-2014. The efficiency of these banks shows significant heterogeneity and the efficiency of most foreign banks has much room for improvement. Regarding both the non-convex metafrontier and the group frontier, state-owned banks perform the best, followed by joint-stock banks, with foreign banks performing the worst; the same is true for the technology gap ratios. The empirical results produced by the feasible generalized least squares estimation method indicate that liquidity and scale effects exert positive impacts on bank efficiency. An alternative estimation method confirmed that the conclusions were robust.
Introduction
Commercial banks play a central role in a healthy financial system, especially in developing countries, such as China, where bank performance and stability are vital to the development of the whole economy. According to the China Banking Regulatory Commission, at the end of December 2016, the total assets and liabilities of banking institutions reached 226.26 and 208.92 trillion RMB, respectively, corresponding to 77.80% (assets) and 78.00% (liabilities) of all financial institutions and grew by 15.8% and 16%, respectively, over the previous year. Specifically, in terms of total assets and total liabilities, the year-on-year growth rate of banking institutions of various sizes is more than 14%, ranging from 14.1% to 17.5%. Among these institutions, commercial banks have the lowest growth rate (10% or less), while joint-stock commercial banks are slightly higher, and the growth rate of city commercial banks is more than 20%. These observations imply that the performance of different commercial banks varies. Furthermore, competition among Chinese banks, along with competition between domestic and foreign banks, has become fierce [1] . To increase competitiveness, it is therefore necessary to improve bank performance in China. The reasons can be analyzed from at least three perspectives, as follows. First, improvement of the bank efficiency will help to alleviate the shocks from foreign banks entering China's financial markets. Second, improving the efficiency of commercial banks is an important part of banking reform in China. Finally, the inefficiency of commercial banks
Methodology

Nomenclatures and Dynamic Network Structure
Consider N DMUs (banks) in period t(t = 1, 2, · · · , T) and assume that the production process of the bank can be divided into two stages-the deposit and loan stages-also known as the productivity and profitability stages, respectively. We define the intensity variable column for the first stage as λ (t) = (λ (p (1,2) = 1, 2, · · · , q (1, 2) ) by using the original input x (t) i 1 j in period t. The undesirable outputs produced in a previous period have the effect of reducing the subsequent period's production possibilities since non-performing loans require the bank to raise more equity capital or reduce their production of deposits. Similarly, we used non-performing loans as undesirable carryovers. The undesirable output from period t − 1 is b (t−1,t) p (2,1) j (p (2,1) = 1, 2, · · · , q (2, 1) ), where b (t−1,t) p (2,1) j are undesirable carryovers from the preceding (current) period to the current (subsequent) period and superscripts (1, 2) and (2, 1) indicate that these indicators are from the deposit (loan) stage to the loan (deposit) stage, respectively. In the loan stage, each bank in period t uses intermediate products z are desirable and undesirable carryovers from the current period to the subsequent period, respectively. All the variables are strictly greater than zero.
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Graphical Explanations
For demonstration purposes, we consider two technologies or group frontiers-I and II-labelled in Figure 1 as "GHDEF" and "BCJKL," respectively. The convex metafrontier (BCDEF) and non-convex metafrontier (BCIDEF) are enveloped by these two group frontiers. As seen in Figure 2 , the convex metafrontier includes the "Infeasible Input-Output combinations," which is the grey-shaded area labelled as "CID." For example, let's take the inefficient DMU . Its input-oriented and output-oriented efficiency values with reference to group frontiers are, respectively estimated as follows:
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For demonstration purposes, we consider two technologies or group frontiers-I and II-labelled in Figure 1 as "GHDEF" and "BCJKL," respectively. The convex metafrontier (BCDEF) and non-convex metafrontier (BCIDEF) are enveloped by these two group frontiers. As seen in Figure 2 , the convex metafrontier includes the "Infeasible Input-Output combinations," which is the grey-shaded area labelled as "CID." For example, let's take the inefficient DMU A 0 . Its input-oriented and output-oriented efficiency values with reference to group frontiers are, respectively estimated as follows:
where i and o denote input-oriented and output-oriented.
Obviously, efficiency scores of group frontiers are identified with reference to the convex or non-convex metafrontier; the main differences are the DMU efficiency scores on the convex or non-convex metafrontier. The input-and output-oriented efficiency values with reference to the convex and non-convex metafrontiers are, respectively, estimated as follows: . Integrating input-oriented and output-oriented becomes the non-oriented estimations. In sum, some DMU efficiency scores may be underestimated if we do not take the non-convex metafrontier and slacks into account, leading to bias estimations of in both the efficiency measurement and empirical test. 
Non-Convex Metafrontier Slacks-Based Bank Super-Efficiency
The radial efficiency measure and the non-radial efficiency measure are the two measures commonly used to evaluate DMU efficiency. The shortcoming of the former approach is that it neglects non-radial input/output slacks; that is, it cannot provide detailed information regarding the inefficiency of a specific input/output. The SBM as a non-radial measure can directly deal with the "input excess" and "output shortfall" problems, where the objective function value can be interpreted as the ratio of mean input and output mix of inefficiencies. Approaches using slacks-based measures can effectively explore the sources of inefficiency behind the operational processes of each bank from this point of view. In this subsection, we mainly focus on the proposed NCMeta-US-DNSBM model, which simultaneously incorporates the non-convex metafrontier technique, undesirable outputs and super-efficiency into the dynamic network SBM model. Due to the lack of space, the production possibility sets are provided in Appendix A.
To obtain a more comprehensive and reasonable estimate of bank efficiency, especially for stages of efficiency, it is necessary to extend the convex frontier to a non-convex one in a dynamic network SBM model that can be programmed as Formula (1).
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Non-Convex Metafrontier Slacks-Based Bank Super-Efficiency
To obtain a more comprehensive and reasonable estimate of bank efficiency, especially for stages of efficiency, it is necessary to extend the convex frontier to a non-convex one in a dynamic network SBM model that can be programmed as Formula (1). 
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When comparing the importance of each time period, it would be reasonable that the last period T has the top priority and the largest contribution to the system and those pertaining to T − 1, T − 2, . . . , T − 1 decrease in this order [19] . As such, the weights attached to years 2010, 2011, 2012, 2013 and 2014 are assumed to be ω (1) 
ω (5) = 0.3, respectively. Supposing that two stages are equally important, then β 1 = β 2 = 0.5. λ and γ are non-negative weights in the deposit stage and loan stage, respectively, and s represents the slacks. The term ε is a non-Archimedean value and the corresponding constraint ensuring the denominator in the objective function is greater than zero.
The fractional program of Formula (1) can be transformed into a linear programming problem using the Charnes-Cooper transformation [40] . A linear programming approach to efficiency evaluation in non-convex meta-technologies is proposed in Reference [41] . Thus, it is possible to compute bank efficiency considering the non-convex metafrontier. Since the optimal objective values are ρ group * ko and ρ nc−meta * ko , we can then compute the technology gap ratio (TGR), which is alternatively defined as a meta-technology ratio in the literature, which enables a greater understanding of the bank efficiency improvement potential and measures the technology gap between the group frontier and non-convex metafrontier technologies. Since the non-convex metafrontier is enveloped by the specific group frontier and excludes the area labeled "Infeasible Input-Output combinations," along with ρ nc−meta * ko ≤ ρ group * ko , ensuring that TGR nc ko ranges from zero to one, a higher TGR indicates that the group frontier technology is closer to the non-convex metafrontier technology.
Unless otherwise mentioned, the efficiency scores presented in this paper are estimated with reference to the non-convex metafrontier. Given that, the period efficiency can be formally stated as:
The deposit stage efficiency and loan stage efficiency under the k th (k = 1, 2, · · · , H) group frontier over multi-periods can be represented as ρ * ko1 and ρ * ko2 , respectively, as follows:
In this case, the period stage efficiencies of these two stages are defined as ρ (t) * ko1 and ρ (t) * ko2 , respectively, as follows:
Data
The datasets used in this paper include 36 commercial banks in mainland China taken from the Bureau van Dijk (Bankscope) for the period 2009-2014. In dynamic network structure settings, the period should be included 2009, as the carryovers (NPLs from the deposit stage to the loan stage and other earning assets in the loan stage) in 2009 are treated as inputs in 2010. In addition, due to the availability of data, macroeconomic (environmental) variables, such as the GDP (Gross Domestic Product) growth rate, GDP deflator and growth of M2 (money and quasi-money), were obtained from the World Bank Group. We use three inputs: fixed assets (fixed_asset), equity (equity)
and personnel expenses (personnel_expenses). The deposits (deposits) are treated as intermediates in the two-stage network DEA framework. The desirable and undesirable carryovers are other earning assets (other_earning_assets) and non-performing loans (NPLs), respectively. The final output of the loan stage is gross loans (gross_loans). The number of NPLs, which expanded in the aftermath of the 1997 Asian financial crisis, has declined in most Southeast Asian countries since 2009. Few previous studies analyzed the factors that contributed to the reduction in Asia [42] . Moreover, data on off-balance sheet (OBS) items are not available, especially in 2009 and 2010, so for now, we do not consider OBS items as one of the outputs, though they will mostly capture the non-traditional activities that banks are engaged in. All financial data are deflated by the GDP deflator (base year = 2009). The descriptive statistics of all inputs, intermediates, carryovers and outputs used in our analytical framework are summarized in Table 1 , indicating that significant differences among banks exist. Input-output variables of state-owned banks (joint-stock banks) are much higher than joint-stock banks (foreign banks) and fixed_asset, thus state-owned banks (joint-stock banks) produce more NPLs during the production process. 
Empirical Analysis and Econometric Strategy
Measurement Of Bank Efficiency
Following [43] , we assume variable returns to scale (VRS) in models (1) and (3)- (7). Different types of banks perform differently due to technological heterogeneity, which is reflected in varying efficiency scores. We provide the in-depth analysis for why the non-convex metafrontier is more appropriate than the convex metafrontier for measuring bank efficiency in a dynamic network framework. In addition to the graphical evidence (see Figure 2) , we also used the bank efficiency measured by the convex metafrontier method (details are provided in Appendix B) for comparison, as shown in Table 2 . Evidently, bank efficiency scores obtained from different groups with reference to the convex and non-convex metafrontier are the same (Column (5)). However, the technology gap ratio (TGR) may greater than unity when measuring stage efficiencies for some DMUs. As seen in Table 2 , compared to the efficiency scores measured by the non-convex metafrontier (Column (4)), bank efficiency scores in both the deposit and loan stages are overestimated with reference to the convex metafrontier (Column (3)). The findings also indicate that the non-convex metafrontier is more reasonable for measuring bank efficiency, especially in a dynamic network case. Thus, we discuss bank efficiency measured by the proposed NCMeta-US-DNSBM model in the following context. Notes: (1) TGR denotes the technology gap ratio, superscripts c and nc represent convex and non-convex, respectively; (2) (6) = (3)/(5), (7) As visually illustrated in Figure 3 , the SOB efficiency scores measured by the proposed model are generally the highest and the lowest for the FB, whether on different frontiers or in different stages. Furthermore, the FB deposit stage efficiency and the JSB loan stage efficiency are lower than the total bank efficiency scores on average. Thus, for different bank types, the development of bank efficiency is unbalanced and most banks have much room for improvement. Figure 3 additionally shows the TGRs of different banks, indicating that the group frontier technology of SOB TGRs is closer to the non-convex metafrontier technology compared to those of JSB and FB. The findings are consistent with Reference [44] who concluded that SOBs are more efficient than JSBs by using the directional distance function and the metafrontier-Luenberger productivity indicator. However, this contradicts the results of Reference [13] . Consequently, non-convex metafrontier analysis, super efficiency and dynamic network structure all should be considered in the production processes of the banking industry and the efficiency scores computed by the proposed model in this study are more beneficial to commercial bank policy-makers and managers. Are the efficiency gaps between different groups statistically significant? To shed light on the significance of the difference between SOBs, JSBs and FBs, we performed a Kolmogorov-Smirnov test for bank efficiency. The comparison is presented in Table 3 . As shown in Table 3 , we can reject the null hypothesis that bank efficiencies are identical for SOBs, JSBs and FBs. Moreover, both the t-test and the sign rank test also reveal that there are significance differences among the three groups in different stages. Thus, it is necessary to consider heterogeneity while measuring bank efficiency. shows the TGRs of different banks, indicating that the group frontier technology of SOB TGRs is closer to the non-convex metafrontier technology compared to those of JSB and FB. The findings are consistent with Reference [44] who concluded that SOBs are more efficient than JSBs by using the directional distance function and the metafrontier-Luenberger productivity indicator. However, this contradicts the results of Reference [13] . Consequently, non-convex metafrontier analysis, super efficiency and dynamic network structure all should be considered in the production processes of the banking industry and the efficiency scores computed by the proposed model in this study are more beneficial to commercial bank policy-makers and managers. Are the efficiency gaps between different groups statistically significant? To shed light on the significance of the difference between SOBs, JSBs and FBs, we performed a Kolmogorov-Smirnov test for bank efficiency. The comparison is presented in Table 3 . As shown in Table 3 , we can reject the null hypothesis that bank efficiencies are identical for SOBs, JSBs and FBs. Moreover, both the t-test and the sign rank test also reveal that there are significance differences among the three groups in different stages. Thus, it is necessary to consider heterogeneity while measuring bank efficiency. Note: ***, ** and * denote significance at the levels of 1%, 5% and 10%, respectively.
The time evolution of period efficiency, deposit stage efficiency and loan stage efficiency in Figure 4 shows a process of ongoing and quite significant convergence. As seen in the graph, kernel density estimation curves of period efficiency and deposit stage efficiency are moving to the right every year but shifting to the left for loan stage efficiency Note: ***, ** and * denote significance at the levels of 1%, 5% and 10%, respectively.
The time evolution of period efficiency, deposit stage efficiency and loan stage efficiency in Figure 4 shows a process of ongoing and quite significant convergence. As seen in the graph, kernel density estimation curves of period efficiency and deposit stage efficiency are moving to the right every year but shifting to the left for loan stage efficiency. The period efficiency scores are mainly Also, the distribution layout of deposit stage efficiency is fairly similar to that of period efficiency, both of which have a cluster of high efficiency values, though the peak located at approximately 1.0 is significantly higher compared to period efficiency. The kernel density estimation of efficiency scores becomes cliffy and moves from right in 2010 to left in 2014, in terms of loan stage. Also, the peak of approximately 1.0 is significantly higher than the deposit stage peak. Thus, as time goes on, the disparity of kernel density estimations for these efficiency scores has declined. In summary, the kernel density estimations provide evidence that the period efficiency of commercial banks in China improved gradually from 2010-2014. efficiency, both of which have a cluster of high efficiency values, though the peak located at approximately 1.0 is significantly higher compared to period efficiency. The kernel density estimation of efficiency scores becomes cliffy and moves from right in 2010 to left in 2014, in terms of loan stage. Also, the peak of approximately 1.0 is significantly higher than the deposit stage peak. Thus, as time goes on, the disparity of kernel density estimations for these efficiency scores has declined. In summary, the kernel density estimations provide evidence that the period efficiency of commercial banks in China improved gradually from 2010-2014. Furthermore, we also adopted the non-parametric estimation of conditional kernel density to examine the stability and liquidity of bank efficiency distribution for a more accurate, visual perspective [45] . Specifically, we provide the stacked conditional density (SCD) and highest density Furthermore, we also adopted the non-parametric estimation of conditional kernel density to examine the stability and liquidity of bank efficiency distribution for a more accurate, visual perspective [45] . Specifically, we provide the stacked conditional density (SCD) and highest density regions (HDR) plots of bank efficiency; these plots visually illustrate the conditional densities, as seen in Figure 5 . Regarding period efficiency (Figure 5a,b) , the ridges of the SCD plots that deviate from the 45-degree diagonal line indicate that the efficiency of the period exhibits significant internal liquidity. The black dots of the HDR plots represent the conditional values with different conditions, while the conditional values correspond equally to the peaks of the SCD plots, which are the maximums of the conditional densities. Each rectangle represents the conditional density of period bank efficiency at year t, from shallow to deep, respectively and represent 25% HDR, 50% HDR and 90% HDR. As seen in Figure 5b , conditional values (black dots) with different conditions deviate from the 45-degree diagonal line, like the HDR, indicating that the distribution of the period efficiency shows significant internal liquidity. Additionally, the efficiency of nearly half of the banks is growing. With respective to loan stage efficiency, the conclusions noted above can also be found in Figure 5e ,f. However, in regard to the deposit stage efficiency (Figure 5c,d) , the ridges of the SCD plots are mainly located on the 45-degree diagonal line, indicating that the deposit stage efficiency exhibits significant stability; the HDR plots also support this finding. Moreover, the deposit stage efficiency of most banks is increasing and there is no minor polarization phenomenon when comparing period efficiency with loan stage efficiency. regions (HDR) plots of bank efficiency; these plots visually illustrate the conditional densities, as seen in Figure 5 . Regarding period efficiency (Figure 5a,b) , the ridges of the SCD plots that deviate from the 45-degree diagonal line indicate that the efficiency of the period exhibits significant internal liquidity. The black dots of the HDR plots represent the conditional values with different conditions, while the conditional values correspond equally to the peaks of the SCD plots, which are the maximums of the conditional densities. Each rectangle represents the conditional density of period bank efficiency at year t, from shallow to deep, respectively and represent 25% HDR, 50% HDR and 90% HDR. As seen in Figure 5b , conditional values (black dots) with different conditions deviate from the 45-degree diagonal line, like the HDR, indicating that the distribution of the period efficiency shows significant internal liquidity. Additionally, the efficiency of nearly half of the banks is growing. With respective to loan stage efficiency, the conclusions noted above can also be found in Figure 5e ,f. However, in regard to the deposit stage efficiency (Figure 5c,d) , the ridges of the SCD plots are mainly located on the 45-degree diagonal line, indicating that the deposit stage efficiency exhibits significant stability; the HDR plots also support this finding. Moreover, the deposit stage efficiency of most banks is increasing and there is no minor polarization phenomenon when comparing period efficiency with loan stage efficiency. 
Determinants of Bank Efficiency and Estimation Results
A great deal of potential internal (bank-specific) and external (macroeconomic and industry-specific) drivers may exert influence on bank efficiency, such as bank size [46] , external environmental risk effects and internal risk [47] , capitalization [48] , bank supervision [49] , ownership [50] , risk preferences [51] and so forth. A pioneering study found that bank efficiency is negatively related to expense preference behavior and economic conditions, while it is positively related to loan intensity [52] . Also, the cost and profit efficiencies vary according to bank size [48] . Furthermore, strict bank supervision negatively and significantly impacted bank efficiency for a sample of 72 countries during the period 1999-2007 [49] . There exist significant heterogeneities among banks of different types or located in different regions and a model with risk-weighted assets as undesirable outputs can better capture the impact of shadow banking involvement [53] . Based on the aforementioned studies and theoretical analysis, this paper chooses the net loans to total assets, liquid assets to customer and short-term funding and net interest margin as the key explanatory variables. Moreover, macroeconomic conditions [54] , monetary policies [55] and the financial system structure [56] may also influence bank efficiency. Therefore, the annual growth rate of GDP (g_gdp) is used to measure economic development. We employ the annual growth rate of money and quasi-money (g_m2) as an indicator of the monetary policy formulated by the central bank. Moreover, the influence of the market structure is considered, which is measured by Herfindahl-Hirschman Index (HHI) [57] . In our context, the HHI is defined as the sum of the squares of individual bank loans in the total bank loans in China, in a specific year (hhi).
We built an econometric model to investigate the abovementioned factors. Note that the period efficiency and stage efficiency of the banking sector may be greater than 1, so the Tobit panel model [58] or truncated regression model [59] is unsuitable for this study. The choice between fixed effects (FE) and random effects (RE) can be determined by the Hausman test [60] . Based on this test, a random panel model is more appropriate and effective. Moreover, to address heteroscedasticity, the feasible generalized least squares (FGLS) approach is used to estimate the following regression model:
where it y is the dependent variable, representing the efficiency scores of bank ( 1,2, , )
 is the intercept term, jit x is the 
A great deal of potential internal (bank-specific) and external (macroeconomic and industryspecific) drivers may exert influence on bank efficiency, such as bank size [46] , external environmental risk effects and internal risk [47] , capitalization [48] , bank supervision [49] , ownership [50] , risk preferences [51] and so forth. A pioneering study found that bank efficiency is negatively related to expense preference behavior and economic conditions, while it is positively related to loan intensity [52] . Also, the cost and profit efficiencies vary according to bank size [48] . Furthermore, strict bank supervision negatively and significantly impacted bank efficiency for a sample of 72 countries during the period 1999-2007 [49] . There exist significant heterogeneities among banks of different types or located in different regions and a model with risk-weighted assets as undesirable outputs can better capture the impact of shadow banking involvement [53] . Based on the aforementioned studies and theoretical analysis, this paper chooses the net loans to total assets, liquid assets to customer and short-term funding and net interest margin as the key explanatory variables. Moreover, macroeconomic conditions [54] , monetary policies [55] and the financial system structure [56] may also influence bank efficiency. Therefore, the annual growth rate of GDP (g_gdp) is used to measure economic development. We employ the annual growth rate of money and quasi-money (g_m2) as an indicator of the monetary policy formulated by the central bank. Moreover, the influence of the market structure is considered, which is measured by Herfindahl-Hirschman Index (HHI) [57] . In our context, the HHI is defined as the sum of the squares of individual bank loans in the total bank loans in China, in a specific year (hhi).
where y it is the dependent variable, representing the efficiency scores of bank i(i = 1, 2, · · · , N) for period t(t = 1, 2, · · · , T), β 0 is the intercept term, x jit is the j th (j = 1, 2, · · · , J) observed variable of bank i at period t, β j is the coefficient of the j th observed variable, x (J+k)it is the k th (k = 1, 2, · · · , K) control variable and δ k is the coefficient of the control variable. This paper contains five observed variables and three control variables for which definitions and descriptive statistics are provided in Table 4 . Table 5 summarizes the Pearson correlations of independent variables and reveals that the absolute values of correlation coefficients of the three control variables are larger than 0.9, so the problem of multicollinearity of these variables should be emphasized. The control variables enter the estimation equations separately (see Table 6 ). Table 6 reports the regression results estimated by the FGLS method. The first set of results (from column 2 to column 4) considers the relationship between bank period efficiency and its determinants. To avoid multicollinearity, the variables g_gdp, g_m2 and hhi enter Model 1, Model 2 and Model 3, respectively; the rest of estimates are similar. As shown in Table 6 , the coefficients of netloan_ta are positive and significant in the three models, which indicates that a bank that bears more risk may improve its period efficiency. This result is consistent with [52] . The estimation results of liqassets_stfund indicate that high liquidity of assets exerts significant influence on improving period efficiency; this finding is similar to previous work by [61] . As expected, the coefficient of net_int_margin is negative and significant, which indicates that the interest margin is not conducive to the improvement of bank efficiency. As an indicator of competitive behavior in the banking sector, low net interest margins hint at a competitive market where managers are motivated to make every effort to obtain more good outputs; bank efficiency is therefore promoted. Also, the managerial efficiency of EU banks is negatively and significantly related to net interest margins [62] . The coefficients of shareholder are negative and significantly negative. As a proxy variable for bank size, the estimations of ln_ta are significantly positive, which implies that the larger banks in China are more efficient. Similar results can be found in Reference [63] . Finally, all control variables are not significant, which indicates that macro-factors, such as market structure and GDP growth do not exert significant influence on bank efficiency; the same is true for other models.
In terms of Models 4-5, the coefficients of netloan_ta are negatively and significantly correlated to deposit stage efficiency, implying that radical behavior such as relaxing the policy on deposits may not work. In addition, the estimates of net_int_margin and shareholder have the same influence direction on stage efficiency and become more significant compared to the first set of results, implying that these variables show significant impact on deposit stage efficiency. Meanwhile, the coefficients of ln_ta are significantly positive, which is in accordance with the first set of results. In regard to the loan stage, the estimations of net_int_margin exert negative and significant effects on bank efficiency. In line with the first set of results, the coefficients of shareholder exert a negative and significant impact on loan stage efficiency, which is lower for foreign banks in this stage and may be explained by the fact that foreign banks have probably been more cautious in their lending in China in recent years, especially after the world financial crisis.
Previous studies show that bank efficiency is driven positively by bank size [64] [65] [66] , indicating that bank efficiency varies for different regions or different bank types. By simultaneously incorporating a non-convex metafrontier, undesirable outputs and super-efficiency into a dynamic network SBM model, this paper proposes a new DEA model to reflect the bank production process, providing more a comprehensive and reasonable efficiency evaluation of banks in China. The empirical study can also enable banking policy-makers and managers to observe both internal and external factors that affect period efficiency, deposit stage efficiency and loan stage efficiency and to take effective measures to improve the overall efficiency of their banks, thus promoting their competitiveness.
To avoid a potential efficiency bias in the DEA scores, the bootstrapping technique to produce estimate values for the lower and upper confidence bounds for the averages and medians of the original DEA scores is proposed [39] . To check for robustness, the results (Table 7 ) using the alternative estimation method of [39] , indicating a simple sampling procedure to draw with random replacement from the same sample of DEA scores, which can further support our results that shows that the coefficients of ln_ta, netloan_ta and liqassets_stfund are significantly and positively associated with bank efficiency, while shareholder exerts significant negative impacts on bank efficiency. Notes: (1) Standard errors are in parentheses; (2) *** p < 0.01, ** p < 0.05, * p < 0.1; (3) Models 1-3 are estimated with the dependent variable period efficiency; models 4-6 are estimated with the dependent variable deposit stage efficiency; models 7-9 are estimated with the dependent variable loan stage efficiency; (4) There are 180 observations for each model and the sample period is 2010-2014; (5) The standard errors and p-value were generated by the bootstrap method using 2000 replications.
Conclusions and Policy Implications
To open the black box of bank production processes, this paper proposed a dynamic network SBM model that considered a non-convex metafrontier and super-efficiency to provide more accurate and comprehensive measurements of bank efficiency. Based on data for Chinese commercial banks from 2010 to 2014 (complete panel data; 36 banks, 180 observations), we provided an empirical study of the proposed model. When the period efficiency, deposit stage efficiency and loan stage efficiency are treated as dependent variables, regression models are constructed to explore the determinants of efficiency at the bank and divisional levels, respectively. The proposed NCMeta-US-DNSBM model can be applied to other financial holding companies and DMUs with network structure production.
The main findings are as follows. (1) The statistical analysis shows that efficiency is disparate in banks. In other words, the efficiencies of different bank types are unequal and most banks have much room for improvement. (2) With reference to both the non-convex metafrontier and the group frontier, the efficiency scores (period efficiency, deposit stage efficiency, loan stage efficiency and period-stage efficiency) of the SOB are the highest, followed by the JSB, with those of the FB at the bottom. (3) The estimation results from the FGLS method imply that proxy variables for assessing the liquidity (liqassets_stfund) and scale effect (ln_ta) exert positive impacts on efficiency not only at the bank level but also at the sub-process level. Also, proxy variables for evaluating risk-taking (netloan_ta), interest margin (net_int_margin) and shareholders (shareholder) have diametrically opposed effects on bank efficiency in terms of deposit stage efficiency, period efficiency and loan stage efficiency. These conclusions were also found to be robust using an alternative estimation method.
Policy implications based on the empirical results are summarized as follows. To promote overall efficiency, more effort should be devoted to the loan stage, especially by foreign banks and different strategies should be adopted for different operation stages and bank types. Furthermore, reform of the interest margin policy should be led by the local government, instead of being decided by the banking market. It is necessary to transform the operating mechanisms and management objectives of joint-stock banks and comprehensively promote their overall efficiency. Then, reducing the efficiency gap with state-owned banks should become the top priority of bank reform.
There are several aspects to be researched further. One is that analysis of the combination weights should be derived from the data and self-generated in the calculation process, instead of being assumed a priori by our models. Another is to use the Malmquist-Luenberger method to investigate the contribution of efficiency change and technological progress to bank efficiency.
